Abstract. In modern society, internet information presents rapidly development, and mass media is playing an increasingly important role in spreading public opinion, but the existing models of Internet public opinion don't take into account the effects of individual's informed status and emotional tendency on the formation of public opinion. In response to this problem, based on emergent computing theory, an evolution model of emotional Internet public opinion with informed marks is proposed. In this model the cyber citizen are abstracted as agents and some parameters such as emotion tendency and initial informed marks are added. In order to accord with the propagation's law of public opinion, the interaction rules adopted by current models are improved.
Introduction
With the popularization and application of the internet, traditional pattern of public opinion has changed basically, and internet public opinion is cause for more and more concern, and mass media is playing an increasingly important role in spreading public opinion, which profoundly affects politics, economy, technology and culture. Especially, micro-blog attracts more and more attention as a new transmission platform. Therefore, studying the propagation laws of public opinion in media has important theoretical value and practical significance.
Research on evolution of public opinion has been a hot spot. Some famous models include Sznajd model], Deffuant model and Krause-Hegselmann model. In these models, the individual's opinion is based on its neighbors' views. In this way, the "disorder-order" evolution of public opinion is imitated. On the other hand, public opinion is a kind of dynamical collective behaviour formed by numerous individuals. From this perspective, public opinion belongs to the area of emergent computation, which is an idea exhibited by multi-agent systems, and describes the process of enormous simple agents forming complex behaviors by cooperating. However, at present few scholars research the public opinion from this point of view, or the hypotheses are too idealistic and lack practical applicability. For instance, with ideas of emergent computing, Wu et.al studied the evolution process of public opinion, but didn't consider the factors such as individuals' emotion, so their work couldn't repeat the evolution process of public opinion in real situations.
Besides, in virtual environment, the individual's psychology and emotion also have an effect on his cognition and thinking, eventually influencing the final trend of public opinion. Therefore, Peng proposed the concept of "emotional opinion in Internet" and analyzed its causes and guiding strategy. Later, some scholars did some researches on emotional Internet public opinion, but mostly from the perspective of social science. Also, there are some researchers who think about the emotional tendencies in public opinion, but the influence of emotion on the public opinion is not analyzed quantitatively. Based on above background, combined with the idea of emergent computing, an evolution model of emotional Internet public opinion with informed marks is proposed (IS&NPEO), in which the informed status of each individual and his emotions are both considered.
Previous Work
With the idea of emergent computation, Wu et.al established the model of net public opinion based on small-world (NPO-NW) model, in which every cyber citizen is abstracted as an agent. The system is defined as S=<A, P, f>. Details are given in the following: A=(A 1 , A 2 , … , A i , …, A N ), where A i represents the I agent, i=1,2,…N, and N is the number of agents;
A i = {(op i , pe i ) | 0<op i <1, 0<pe i <0.5} , where op i is the opinion value of Ai , while pe i is the uncertainty value to its opinion;P is the collection of control parameters in this system and P={(d min , d max ,tr ) | 0 <d min <d max <1,0<tr<1}, where tr is the overall trust level between agents, while d min and d max are the opinion threshold, representing the lower and upper levels of the opinion's difference between A i and A j respectively; f is the interaction function between agent i and j. When d ij < d min or d ij >d max , f(i, j)=0, which means that when differences in opinion between A i and A j are very small or very large, they don't exchange their views. Beyond that, A i and A j shall exchange their views via:
Small-world network is used to represent interpersonal relationship, in which each node represents an agent. Each agent's status is updated synchronously. Finally, the opinion and persist of A i and A j at time t+1 are calculated as:
With various combinations of tr , d max and d min , the results of simulations demonstrate that many trends of public are formed, such as single-opinion, double-importance to the research on public opinion, multi-opinion, which is of great opinion.
Building of Social Network Based on Sina Weibo

A. Microblog Social Network Modeling Algorithm
Nodes and relationships are the elements of microblog social network and the relationship here refers to the microblog "concern", when a user A concerns another user B, then there is one directed edge from A to B. Because of the API calling limitation and there being a large number of users in the microblog, it is unrealistic to get a social network including all nodes. We take the snowball sampling method to obtain the necessary data. The so-called snowball sampling method selects a start node, and then get concern object, according to concern relationship, obtaining the next layer's nodes.
The reason to choose snowball sampling instead of random sampling is that if the sample size is not large enough, random sampling may contain more isolated groups of nodes which make many differences between the result and actual microblog social network. After obtaining network nodes, we need to judge whether there exists the concern relationship and obtain the links between nodes construct the microblog social network.
According to the study framework above, the microblog social network structure modeling is achieved by obtaining the relationship between the node and the node.
The specific algorithm is as follows:
Step1 Obtaining the nodes and relationship Step1.1 Calling the microblog system's API interface, randomly obtain or appoint the user ID of the starting node i.
Step1.2 Calculated concern nodes of node I (using getFriendsIDs function), obtaining the concern node sets A for node i, then obtaining the relationship between node i and its various concern nodes (using existFriendship function), i.e. the relationship set E, adding the computed node's user ID to the set of nodes F.
Step1.3 Selecting node n (n = 1,2 ...) from A, get the concern nodes set of node n in accordance with the manner of the above Step 2, to obtain the node n's the set of relationships, and add to the set of relationships E, adding the calculated node to the set of nodes F.
Step1. 4 Traverse all nodes hierarchically and get the relationship set E and the set of nodes F Step2 Build relationships matrix between the nodes, social networks configured in a matrix manner, the relationship determination value with "0", "1" , "1"indicates that the concern relationship exists between the two users, "0" indicates no. Adjacency matrix of the resulting matrix is non-symmetrical. Step3 After get the adjacency matrix as described, importing it to the Ucinet social network analysis software, we can get to the directed social network structure graphically.
B. Building Social Network of Sina Weibo
Sina Weibo provides an application program interface (API) for us to provide convenient access to relevant data, but the Sina Weibo API has some certain restrictions for program calls, so we cannot obtain too much data, this paper obtaining data through API programming.
In order to obtain the relationship between node and node, the algorithm above in this article is realized through the Java programming. Start from the original node to select 20 nodes in the next layer of nodes randomly, select 50 nodes randomly in the next layer of each of these 20 nodes, thereby obtain non-repeated 5000 nodes and use these 5000 nodes to build microblog social network. The purpose of doing so is to prevent the reducing of effectiveness analysis caused by excessive number of concerns of a node. In this process, by determining the relationship between any two ID, obtain a connection in the social network, eventually forming the relationship of asymmetric adjacency matrix with value being "0" or "1".
So far, we get the data of building microblog social network. The next step is to construct microblog social network through the adjacency matrix and analyze its structure.
C. Analysis of microblog Social Network Properties Based on Complex Network
Analysis of the scale-free property Scale-free property is one of the important characteristics of complex network. It is the study of the characteristics of degree distribution of nodes. Its main feature is a small number of nodes have a large degree distribution, while the majority the nodes has a smaller degree distribution with node degrees showing the characteristics of the power-law distribution: P (k) = ck-λ.
Using Java programming and Eviews, we can analyze the degree distribution of nodes. In microblog social network, distribution of node degree has the difference of in-degree and out-degree due to the directional. The degree of a node with the x-axis, y-axis represents the number of nodes, with y as the dependent variable, x as the independent variable, we can get the out-degree regression equation: y = 7.9-0.3x
(1) The in-degree regression equation: y = 11.7-0.5x.
(2) Then, use the logarithm function on both sides of the power-law distribution function: P (k) = ck-λ to deform as this equation: Log(P (k))=Log(C)-λLog(k). It can be seen from the regression results that the distribution of node degree can be well explained by the power-law function so we can draw the conclusion that microblog social network has a scale-free characteristics.
The degree distribution equation of out-degree is:
The degree distribution equation of in-degree is:
It can be drawn from the equation and plot above that microblog social network has a power-law distribution characteristic, with out-degree and in-degree's power-law index being 0.8 and 1.0 respectively. In-degree's power-law distribution characteristics is more significant than out-degree's, because the microblog users can focus on any other microblog users, so grassroots users can also have many objects to pay attention, that is having a lot of out-degrees. a)Analysis of degree centrality Degree centrality reflects the actor in the network that in the center position relative to others. According to the formula above, we can calculate the node's distribution of centrality degree.
From the entire network to see, standardized in-degree centrality potential CDin and out-degree centrality potential CDout were: 36.8% and 62%. Centrality potential does not refer to the relative importance of a point but refers to graph's overall integration and consistency. Seen from the results, microblog social network has certainly centralized trend. Among them, the out-degree centrality potential expressed the user's centralization of concerning other people is bigger than the in-degree centrality potential expressed the user's centralization of the concerned users.
b)Analysis of small-world effect Small-world effect is another important characteristic of complex networks, which describes the characteristics of close connection of the internal nodes of the network. In analysis of small-world effect, we use the relationship of concern about and concerned about to gain the relationship among microblog user, probe into the topology structure of microblog social network through the analysis of small-world effect.
c)Average shortest path length The average shortest path length represents the mean of the shortest path length between any two nodes in the network, represented by L, which can describe the communication's length among nodes in the network. First, we use the average shortest path length to measure whether the microblog social network has small-world effect. Through the analysis of the relation matrix, we can get nodes' path distribution.
The distance between nodes is mainly concentrated in the vicinity, while the average shortest path length L of micro-blog social network is 2.799, which is very small to the microblog social network, a directed network. Thus the microblog social network has a short average shortest path, which also shows that the microblog users can establish links with any other users through average two to three users. The average shortest path length increases with the increase of network scale. Although this study on microblog social network contains only a small part of the micro-blog users, it is approximately equal to the logarithm of the network's scale, so it still showed a characteristic of shorter average shortest path. d)Clustering coefficient The clustering coefficient is the second kind of indicator to prove that social network has small-world effect. The bigger the clustering coefficient, the higher the network's aggregation is high, the more to show small-world effect of the network. The analysis results of microblog social network clustering shows that the clustering coefficient of this social network is 0.254. Through constructing the random network with the same scale and analyze the clustering coefficient, we can compare whether the micro-blog social network has a small-world effect. The random network structured is Erdos-Renyi random network, whose degree distribution in theory is Poisson distribution. In the structural conditions, we set its density is 0.05, the same density with microblog social networks, and carry on analysis on it, then obtain the clustering coefficient being 0.05, which is far less than the microblog social network level of 0.254, whose average path's length is 2.39, which is almost equal to the length of average path of micro-blog social network, thus microblog social network has a higher clustering coefficient. In real life, a bigger clustering coefficient shows that your friend's friends are probably your friends, and also in micro-blog, that big clustering coefficient shows the objects or fans you pay attention to are likely to focus on each other.
